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Abstract
Nowadays, maintaining at home persons aﬀected by cognitive disorders is a real challenge. Home assistance must allow
them to keep a certain level of autonomy at home while not being intrusive. This study presents a non intrusive load
appliance load monitoring for supervising simple actions realized by patient in a smart home. Contextual information
allow to improve the appliance recognition rate. The experimentation results show that the designed system could
provide invaluable information for an assistance application for cooking.
c© 2012 Published by Elsevier Ltd.
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1. Introduction
Cognitive impairments aﬀect a signiﬁcant part of the population and the related healthcare costs are
high. They are due to varied causes: Alzheimer’s disease, schizophrenia, traumatic brain injury (TBI),
mental retardation... Both the young and the elders can be aﬀected. Generally symptoms for Alzheimer’s
disease appears after 65 years old while schizophrenia usually begins between the end of adolescence and
the middle of thirty. In 2008 in Canada, 480 600 people were suﬀering form Alzheimer’s disease or similar
dementia and the associated costs of dementia was 15 billion Canadian dollars [1]. Schizophrenes stand for
1% of the population. Stewart estimates that in 1996 in Canada direct costs related to schizophrenia were
2,35 billion Canadian dollars while indirect costs were 2 billion Canadian dollars [2]. In Canada, around
100 000 people are victims of traumatic brain injury (TBI) [3]. Many of them have permanent deﬁcits,
especially cognitive impairments. A severe TBI incurs care on a regular basis [4].
Cognitive impairments impact signiﬁcantly the capacity to perform basic activities of daily living (ADLs)
and instrumental activities of daily living (IADLs) [5]. ADLs refer to daily self-care activities (toileting,
dressing...). IADLs are the complex skills needed to successfully live independently (preparing meals,
housekeeping...). Smart homes can help cognitively impaired people to address issues related to scheduling
and realizing ADLs and IADLs. On the one hand, a smart home can collect a lot of miscellaneous low-
level data. For instance, the experimental apartment at DOMUS lab is equipped with infrared sensor for
detecting presence, electromagnetic sensors for detecting the opening/closing of the doors, ﬂow-meters, and
microphones for collecting and analyzing sound. On the other hand, a smart home can provide means to
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interact with the resident, for instance, screens, TVs, speakers, LED, interactive cubes like SIFTEO... Then
to assist a cognitively impaired person in a smart home, low-level data can be collected and forwarded to a
cognitive assistant to recognize the ADL a person wants to perform or to monitor the DL step by step. When
the assistant ﬁnd that the person needs assistance, it can use the environment to provide cues to the person.
Activity recognition is a very complex task. Its quality relies heavily on the low-level events it is fed with.
Electrical data can play a major role in activity recognition. For instance, many electrical appliances
and events are involved in meal preparation: oven is heating, microwave oven light is on, fan is running,
fridge is open. Such information would provide invaluable information for the recognition process. But it is
very diﬃcult to recognize and label events from raw data that can be collected on an electrical system. Data
provided by monitoring devices can be noisy. Many electrical appliances can operate simultaneously; their
signals can overlap. Devices may have very similar signatures. Some event may correspond to patterns of
raw electrical data distributed over time. Even the setup can be problematic. Electrical devices can change
the outlets they are plugged in. Finally to be used in an assistance process, information must be provided in
real-time.
This paper presents a Non Intrusive Appliance Load Monitoring (NIALM) could be use in parallel with
an assistance application for cooking [6]. Taking data from a sensor placed directly on the electrical panel,
our solution detects and assigns power edges (raising/falling) to an event (turning on/oﬀ) of an electric
appliance (stove, microwave oven, fridge . . . ). Non intrusive only means that sensors are non invasive. In
contrast, the purpose of the study is intrusive since we want to exactly know what is doing the person in
the house. Context may also be use to improve the recognition process. For instance, an electric kettle may
have the same signature than the iron. Knowing the person location thanks to infrared sensors may help to
infer the most likely electrical device.
Section 2 explores related work. Section 3 describes the methodology for monitoring the electrical
environment in smart home. Section 4 presents the power edge detection system. Section 5 presents the
real time electrical activity recognition system that uses the power edges extracted from raw data. Real data
collected at DOMUS were used in our analysis. Finally, section 6 discusses the results and the applications
of our system in smart homes.
2. Related work and discussion
NIALM research can be organized along two axis: the kind of data used (electromagnetic interference
(EMI), current waveform and power measurement) and the architecture of the sensors (distributed or cen-
tralized).
Distributed architecture requires one sensor by outlet. Patel et al. designed an experimental set-up to
capture EMI on voltage sinusoids directly on the outlets [7]. These marks are characterized with a spectral
analysis and classiﬁed in order to recognize when electrical devices are switched on or oﬀ. Gupta et al.
shows how to analyze the EMI in real time since many appliances with switch-mode power supply create
constantly predictable EMI [8]. Saitoh et al. deploys also current acquisition modules on the power sockets
of the home to collect the load current waveforms [9]. The distributed smart meters can communicate
between each of them to share their databases (smart-grid). A distributed system frees the recognition
process of the eﬀects of the electrical panel switches, the length of residential lines. Nevertheless, it is
intrusive for the patients and its installation is time-consuming and and requires to be very systematic.
Centralized architecture takes data from a sensor placed on the electrical panel. This approach is better
suited to our context. Based on a centralized architecture, Suzuji et al. identiﬁes the operating electric
appliances in a house by observing the overall load current [10]. The overall load current can be expressed
as a superposition of each current of the operating appliance. Appliances are divided in two groups since
they are connected to the two residential lines of the home. Also, various ways of devices functioning are
considered as diﬀerent clusters. Then, constraints conditions are set to the use of appliance. For example,
an hair dryer can’t function simultaneously in hot and cool mode [10]. Srinivasan et al. extracts harmonics
from the input current waveform to identify uniquely various types of devices [11].
Unfortunately continuous analysis of EMI and current waveforms require expensive sensors and a large
computing power to process for real time application. That is why we get interested in the analysis of the
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power steady state consumption (real, reactive, and apparent powers). Problem of overlapped real power
(P) consumption patterns during simultaneous appliances operating is linearised [12]. Hart commissions a
centralized system based on the rising and falling edges of powers consumption, after that, powers edges are
clustered in groups. Ruzzelli et al. designed a software for proﬁling appliance consumption in a supervised
way. Database could be easily updated if a new appliance is introduced in the home [13]. But, the learning
stage must be applied to the appliances one by one. So, from power data collected in a real home, Reeg
et al. used k-means algorithm for clustering power edges in clusters [14]. Most of time, clusters do not
correspond to singles appliances. Wang et al. divided residential appliances into 3 categories by its real
power proﬁle [15]. First, the on/oﬀ appliances like a boiler or a lamp with a main P unit relatively pure.
Then, the appliances with electronic loads those don’t have stable P such as a computer or a display screen.
Third, the main P unit will P on/oﬀ at a high frequencies, for instance a washing machine motor. Baranski
et al. disaggregates the real power consumption of the entire home into its major electrical end uses. For
that, it create ﬁnite state machines to model appliances [16]. This approach is eﬃcient for recognizing the
turning on of few electrical devices of an appliance like a dishwasher with draining pumps, washing rotating
arm, and resistance.
Focussing on actimetry and activity recognition, Noury et al. analyses electrical environment for tem-
porally detecting the ADL performed by a person from the periods of active use of the P from those inactive
[17]. But these processes do not allow to instantaneously recognize when these appliances are turned on/oﬀ.
For cognitive assistance, recognition of appliances and labeling of events must be done in real time to allow
an eﬃcient assistance. We thus need a more general and more accurate centralized NIALM able to provide
information and events in extracting them from power proﬁle. The developed appliance recognition sys-
tem must operate in real-time, disaggregate simultaneous appliances and be conﬁdent for passing revelant
information on to cognitive assistance apllication.
DOMUS beneﬁts from a 4 1/2 rooms apartments fully equipped with sensors and actuators. In particular,
monitoring of electrical environment of each of 3 phases is performed by a sensor which allow the acquisi-
tion of the real power P (in Watts, W) with a sampling frequency Fs of 1 Hz. The sensor also provides an
EM mark during the turning on/oﬀ of a set of electrical appliances (except certain devices like a microwave,
a PC, a display screen) create EM parasites on voltage sinusoids [18]. The paper focus on the design of a
NIALM only based on the real time P consumption proﬁle at this time.
Our approach covers the activity recognition by observing the P consumption proﬁle of the entire home
in real time, but we also use contextual awareness information such as the lines on which devices are
connected, the duty cycle proﬁle of some appliances and the electrical devices previously detected. So, we
proposes an architecture and an algorithm enabling to track in real-time the electrical events generated by a
person in the apartment. These events will then be used for real time assistance during the ADL realization.
3. Electrical events and power edges detection system
The system detection ﬁrst focus on electrical events which correspond to trajectory changes (transients)
of P. Then, all P edges (falling/raising) from these electrical events are extracted for associating them to an
electrical appliance.
The detection of electrical events is based on the ﬂow calculation of the P proﬁle (FlowP), at every k
s, for 2 shifted windows overlapped (Eq. 1 et Fig. 1(c)). The windows length (Nframe) is set to 6 s and
the overlap to 50% i.e. 3 s. Use of sliding windows takes into account that some electrical devices have a
periodical P consumption proﬁle. In this case, it is possible to obtain two successive windows shifted by one
period (Fig. 1(a)), that could cause a zero ﬂow. To solve this problem, an overlap was applied to the ﬂow
calculation (Fig. 1(b)). The normalization of FlowP allow to get free of the window length.
FlowP(k) =
∑ |PPresent − PPrevious|
Nframe
(1)
Hard thresholding is used to capture electrical events. The threshold (η1) is set to 30 W/s n order to not
detect the high frequency noise on phase 1 (Fig. 5(a)). This noise is due to the electronic loads of computers
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and display screens in the apartment [15]. Under these conditions, the system precision allows to detect 2
successive P edges about 60 W (= η1/overlap(50%)) separated by 10 s at least (> Nframe + overlap(3s)).
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Fig. 1: Principe of electrical event detection (electrical events are drawn in black)
Since we are focusing on meal preparation, we pay attention on the electric devices in the kitchen
(microwave, oven, cooktops) and we also had to take account of the bathroom fan (Fig. 2).
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Fig. 2: Example of electrical event detected for some appliances
Focusing on the cooktop operating on phase 2 for a high thermostat values (Fig. 2(c)). The electrical
event may correspond to a set of resistor turn on/oﬀ because the period of ignition of the resistor is longer
than the period of extinction. So, a single electrical event could be composed of successive rising and falling
P edges of the same appliance, in the same way for simultaneous operating appliances. To avoid missing
P edges in a single electrical event, an extrema algorithm detection is applied to extract all P edges. After
this processing, the time resolution of the detection system is reduced to only 3 s. The raising and falling P
edges are respectively represented by successive upward and downward pointing triangle (Fig. 3). Thus, the
cooktop operating is not encoded by a unique ΔP but by the ΔP of each P edges (Fig. 3). In the same way,
the simultaneous operation of the oven and the cooktop will be encoded by ΔP1 and ΔP2 of each device
since the electrical event is reduced to a zero baseline, and also theirs sum ΔP3 (Fig. 3).
From there, the electrical consumption proﬁle of the home is only encoded by the ΔP of whole the edges,
their time stamping, and the phase on which they have been detected (1, 2, or 3).
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Fig. 3: Encoding of the P proﬁle
4. Electrical appliances recognition system
The recognition of electrical appliances use the repeatability of the P edges (ΔP). It must allow to iden-
tify which device is in operation and when. On the one hand, such a system requires to create a dictionary
with one or few references for each appliance in the home and for all their ways of functioning. One the
other hand, contextual information such as time stamping, phases and previous DeltaP recognized allow to
improve the recognition rate of electrical appliances. The electrical appliances of our smart home considered
are the cooktops, the oven, the microwave and the bathroom fan.
4.1. Learning
The k-means algorithm has been chosen to create our database because this method don’t require a priori
knowledge on the data distribution but only the number of cluster to create [19]. The similarity distance is
the l1-norm since it is less sensitive to the outlayers and have a physical meaning (in W). The learning
process is applied to the whole set of ΔP (820) collected on the 3 phases from 3 h 30 m of data collection.
During this one, all states of the considered appliances have been recorded. All used appliances have only
one electric entity except the microwave which have a magnetron and an engine for rotating the baking tray.
In defrost mode, the magnetron is turning on following a duty cycle and the baking tray rotate constantly
(Fig. 2(b)). Denote that the learning stage use disjoint electrical power consumption proﬁle. Also not
expected electrical events can be captured (motor fridge or heating for instance). The main constraint of the
k-means algorithm is to manually deﬁne the number of clusters. By observing learning data, it is set to 7.
Table 1: References for device (d) recogni-
tion
devices (d) Cd [W] Dd [W] Lines
Fan 113 16 3
Cooktop 1 350 19 1,2
Cooktop 2 500 14 1,2
Cooktop 3 662 17 1,2
Cooktop 4 841 22 1,2
Oven 1043 32 1,2
Microwave 1175 40 3
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Fig. 4: ΔP used for learning P steady state appliances
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The average error of the diﬀerent cooktops are due to the boundaries of the extrema algorithm detection
(Fig. 3). The P consumption proﬁle of the Fan has a P overshot at its turning on which is captured half the
time by the sensor (Fig. 2(a) et 2(d)). So, the fan light when on is characterized by two ΔP. Therefore, this
average error (DFan) is high relative to its centroid (CFan). The oven has two steady states values which are
close with respect to its consumption proﬁle (Fig. 2(f)) and the microwave have not a stabilized steady state
between its turning on and oﬀ (Fig. 2(b) and 2(e)). Since the P consumption of the standard oven and the
microwave oven is close on one phase, the recognition boundary is fuzzy between these two clusters.
4.2. Validation results
To validate our approach, an experimentation corresponding to the ADL of preparing a meal during 1
hour has been realized with a person not aﬀected by cognitive disorders. The scenario to realize was to
roast ground beef (turning on/oﬀ the oven), to boil water with pasta and ﬁnally to reheat the meal (turning
on/oﬀ the microwave). During the experiment, a new appliance (an espresso machine) was introduced in
the home to study the NIALM system reaction. Validation data provide from the ADL of making a meal
realized by a person (Fig. 5(a)). The nearest neighbourhood (NN) algorithm is used for classiﬁcation. The
recognition thresholds ηd are set to two times the average error for each devices (Dd) above it ΔP are not
recognized. The initial classiﬁcation allows to truly recognize (TR) 58.2% of the 770 ΔP detected, 26.5%
are not recognized (NR) and 15.3 % are falsely recognized (FR).
Since the initial classiﬁcation confuses the traditional oven for the microwave oven (or vice versa), these
appliances couldn’t be well discriminated with only their ΔP values. But the traditional oven is plugged
on phases 1 and 2, whereas the microwave is plugged on phase 3. So phase information can be used to
classify these appliances. In the same way, a cooktop or an oven can’t been recognized from ΔP detected
on a phase on which is not connected (mapping correction). Furthermore, the ΔP of these devices can’t be
detected on a unique phase because they are plugged on two phases at time (time stamping correction). The
past electrical environment is also very important to correct not recognized ΔP. For instance, if Cooktop2
(ΔP1) and Oven (ΔP2) have been previously recognized. Now, another power edge (ΔP3) corresponding
to the two last appliances turning on/oﬀ will appear (Fig. 3(b)), and it will not be recognized as a simple
cluster. Nevertheless, the system compare and associate this one with the sum of the two last centroids
(CCooktop2 +COven) that appeared in a short time frame (<1 minute). So, these P edges are classiﬁed in theses
two clusters (feedback correction).
The logical rules for mapping and time stamping correction following the context are summarized:
• mapping1
– One ΔP belonging to CMicrowave is turned into COven if is detected on phase 1 or 2.
– Mutually, one ΔP belonging to COven is turned into CMicrowave if is detected on phase 3.
– One ΔP belonging to CFan detected on phase 1 is turned into NR.
– One ΔP belonging to CCooktop1,2,3,4 is detected on phase 3 is turned into NR.
• time stamping
– Mutually, if one ΔP belonging to CCooktop1,2,3,4 or COven is detected on phase 1 or 2, and if the
other ΔP detected at the same time on the other phase is NR, the recognition threshold ηdevices is
set to 3 times the average error of each cluster (λk = 3.Dd).
– One ΔP belonging to CCooktop1,2,3,4 is turned into NR if isn’t followed or preceded by several ΔP
of the same cluster on phases 1 and 2.
– One ΔP belonging to CCooktop1,2,3,4 is turned into NR if isn’t recognized on phase 1 and 2 simul-
taneously.
1Note that a device can change of power supply phase, in this case, the logical rules of correction must change accordingly.
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First, the mapping correction is very eﬃcient to eliminate the ΔP Cooktops FR since the espresso ma-
chine resistor draws a similar P for reheating water in the pipe on phase 3 (Fig. 5(a)). The value of these
ΔP peaks varies widely because of the sensor eﬃciency and they couldn’t be classiﬁed in a unique cluster
(Fig. 1(a)). Then, the feedback correction allows to recognize ΔP from simultaneously operating appliances.
Nevertheless, the feedback correction must be only applied to clusters with a high ΔP, otherwise, clusters
with a weak ΔP centroid could be confused with the average error of the clusters with a high ΔP centroid.
In fact, if Fan and Microwave have been recognized sooner, an hypothetic bigger ΔP from Microwave could
be compensated and interpreted as the average error of the Fan. Consequently, the system could recognize
the simultaneously operation of Fan and Microwave. Finally, the time stamping correction is eﬃcient for
recognizing the NR ΔP on one of the phases 1 or 2 for the Cooktops. After, the mapping, feedback and time
stamping correction, there is 69.87% TR, 0.26% FR and 29.87% NR.
Remind that the mapping correction reclassify in NR the turning on/oﬀ of the espresso machine resis-
tor for heating water. So, this power consumption proﬁle can’t be characterized by its ΔP values but by
a speciﬁc pattern in its power proﬁle. In fact, these ΔP could be characterized by an other metric as the
fundamental frequency of these NR ΔP (update correction) since they are temporally spaced by 6 s (Fig.
5(a)). Nevertheless, during the realization of a coﬀee, the power proﬁle of the espresso machine can’t be
recognized (Fig. 5-3*). One the one hand, the espresso machine has few ways of functioning (medium short
and long coﬀee). One the other hand, the espresso machine is composed of multiple electrical entity like a
resistor, a percolator, a coﬀee bean crusher which have boot sequence too closed for the sensor eﬃciency.
Thus the power proﬁles are not identical each time we do a coﬀee. Also cooktops have diﬀerent power
consumption proﬁles following their resistor values, only the duty cycle vary depending on the thermostat
value. With the same metric as previously (frequency), it is possible to determine the thermostat value for
the diﬀerent cooktops.
For activity supervision of cognitively impaired persons, the results of electrical environment modelling
could be available to an occupational therapist, via a smart board, to check the correct realization of an
ADL by a patient (Fig. 5(b)). At the view of markers, it can be identify that the person is ﬁrstly go to the
bathroom (Fan) at 12 h 04 m. Then, he uses the Oven from 12 h 05 m to 12 h 50 m for roasting the ground
beef. Simultaneously, he uses the Cooktop2 from 12 h 20 m to 12 h 36 m for cooking vegetables and boiling
pasta. He goes again to the bathroom (Fan) and ﬁnally, he uses the Microwave 12 h 38 m to 12 h 40 m
for reheating his meal. After that, a FR of the Fan in bathroom is due to P edges provided by making a
coﬀee (crusher engine) with the espresso machine (Fig. 5-3*). Remark that it is important to reduce FR to
the beneﬁts of TR and NR to eliminate false alarm. So, the EM marks could be useful for eliminating the
FR of the Fan during the validation experiment. Indeed, the coﬀee machine does not produce EM artefacts
(whatever its functioning way) on the residential lines unlike the bathroom Fan which produces one when
turned on. Remaining ΔP NR are due to incomplete P edges of Oven and Cooktop2 (Fig. 5-1*) or to a
shifted additive P proﬁle of these both appliances (Fig. 5-2*).
Table 2: Impact of correction on classiﬁcation results
Correction Initial Mapping Feedback Time stamping Update
TR 448 (58.18%) 449 (58.31%) 498 (64.68%) 538 (69.87%) 735 (95.45%)
FR 118 (15.32%) 4 (0.52%) 4 (0.52%) 2 (0.26%) 2 (0.26%)
NR 204 (26.49%) 317 (41.17%) 268 (34.81%) 230 (29.87%) 33 (4.29%)
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Fig. 5: Results of the NIALM in our smart home
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5. Conclusion and future works
In this paper, we proposed a solution for recognizing domestic appliances by measuring the P consump-
tion in real time from the electrical panel. Results of the recognition system allow to identify 95.45% of the
electrical activity during the realization of an ADL such as preparing a meal.
The results of validation experiment showed that taking account mapping, time stamping and feedback
informations, improved the appliance recognition rate (Tab. 2). Nevertheless, the experimentation is only
interested in a set of devices and in the unique ADL of making a meal. Presently, the electrical environment
modelling is limited by the constraints of the electrical event detection system about low power devices
(< 60W) (Fig. 5(a)-4*). Consequently, it could be sensible to treat the EM marks and also the current
harmonic. We have already observed that the espresso machine do not create EM marks on the residential
lines contrary to the bathroom fan (Fig. 5-3*). Furthermore, devices as a microwave, a laptop, a television
or a DVD player have a switch-mode power supply which pollute electrical lines with 3 order harmonics.
Next step of the research will be to integrate a NIALM in smart homes for cognitively impaired people.
Another enhancement will be to trigger automatically a learning stage immediately after a service is called.
Indeed a person with reduced mobility must call services using a distant remote control, for instance to put
light on in the oven or to open the door. Finally, the system could be verify the quality of service by taking
account of the person behaviour during ADL realization [20].
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